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Abstract

Governments and also local councils create and enforce their
own regional public health care plans for the problem of over-
weight and obesity in the population. Public sports facilities can
help these plans. In this paper, we investigated the contribution of
public sports facilities to the reduction of the obesity of local res-
idents. We used the data obtained from the Fifth Korea National
Health and Nutrition Examination Surveys; and measured the
degree of obesity using body mass index (BMI). We conducted
various spatial regression analyses including the global Moran’s /
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test and local indicators of spatial autocorrelation analysis finding
that there exists spatial dependence in the error term of spatial
regression model for BMI. However, we also observed that the
number of local public sports facilities is not significantly related
to local BMI. This result can be caused by the low utilization ratio
and an unbalanced spatial distribution of local public sports facil-
ities. Based on our findings, we suggest that local councils need to
improve the quality of public sports facilities encouraging the
establishment of preferred types of pubic sports facilities.

Introduction

The obese percentage of the world population is increasing
(OECD, 2013; Han et al., 2016). Obesity can contribute to the
development of several diseases, including cardiovascular disease,
cancer, and type-2 diabetes. Low energy expenditure and high
food intake lead to obesity (Kumanyika et al., 2002). As energy
expenditure and food intake are potentially influenced by socioe-
conomic status (SES), many studies have investigated the relation-
ships between the degree of obesity measured in terms of body
mass index (BMI) and SES, such as age, gender, region of resi-
dence and education (Addo et al, 2009; Beydoun and Wang,
2009; Stommel and Schoenborn, 2010). Research has lately been
expanded to investigating the relation between obesity and other
factors, such as alcohol consumption (Kang ez a/., 2013), smoking
(Pouliou and Elliott, 2010), leisure activity (Ross et al., 2007), and
stress (Mak et al., 2015).

Ordinary least squares (OLS) regression analysis has been
used to identify these relationships (Hojgaard et al., 2008).
However, after recent studies identified that obesity has spatial
dependence, spatial analyses were conducted to further under-
stand its spatial dependence (Drewnowski et al., 2009; Duncan et
al., 2012). Such studies used the global Moran’s [ statistic (Chen
and Wen, 2010; Drewnowski et al., 2014), the spatial error model
(SEM) (Drewnowski et al., 2009; Duncan et al., 2012), the spatial
lag model (SLM) (Slack et al., 2014), and the local indicator of
spatial autocorrelation (LISA) (Myers et al., 2015). From these
empirical studies, spatial regression analyses have taken into
account the spatial dependence to investigate the relationship
between obesity and several factors, such as SES (age, gender, and
employment), educational level, food environment, and smoking.
However, these studies did not focused on the relationship with
variables concerning local health policy which could also play a
role.

Many governments and local councils have developed and
enforced their own regional public health care plans (Bullough et
al., 2015). In Korea, regional public health and medical care plans
are outlined in the Regional Public Health Act (Kang and Sohn,
2016). One of these care plans is Management of public sports
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facilities. The term public sports facility is defined as a physical
environment located in an area. These facilities are established to
promote healthy lifestyles of local people via effective and safe
physical activities.

In this study, we investigated in a local area whether public
sports facilities established in lieu of regional public health plan
have indeed contributed to the reduction of the obesity of adult res-
idents. Various sociodemographic variables were used as control
variables. Our spatial analysis consisted of three steps: calculating
the global Moran’s / statistic, creating the LISA and comparing dif-
ferent types of spatial regressions using the spatial lag model; the
spatial Durbin model; the spatial error model; the spatial Durbin
error model; and the general spatial model. We utilized the data
obtained from the Fifth Korea National Health and Nutrition
Examination Surveys (KNHANES V-3) conducted in 2012.

CPress

Literature review

Policies for encouragement of participation in sports have been
implemented in many countries (Downward et al., 2009;
Sotiriadou, 2009; Downward and Rasciute, 2010). The importance
of sports infrastructures has been emphasized for the encourage-
ment of participation in various sports (Wicker et al., 2013). To
verify the effect of such infrastructures, many researchers have
analyzed the relationship between sport infrastructure and sports
participation by considering various variables.

Sallis et al. (2000) reviewed a broad range of literature inves-
tigating what make people involved in physical activities. As a
result, the authors concluded that high accessibility of facilities or
programmes influences the physical activity of children and ado-
lescents positively. However, also conflicting opinions on the
effect of participation in sports have been heard. Niclasen et al.
(2012) showed that proximity to sports facility is positively asso-
ciated with a high level of vigorous physical activity, while it is
negatively associated with moderate to vigorous physical activity
in Greenlandic adolescents. In Dutch adolescents, Prin et al.
(2010) concluded that access to sports facilities is not a sufficient
condition but a precondition to promote physical activity.
Furthermore, although Holman ez al. (1996) identified accessibili-
ty of a sports facility as an important factor in encouraging physi-
cal activity, Stahl et al. (2001) demonstrated that supportive phys-
ical environment is not associated with physical activity, and Van
Lenthe (2005) stated that while residents with lower income par-
ticipate more in walking and cycling in general, they participate
less in sporting activities.

Individual determinants such as age, income and education
level as well as proximity to sports infrastructures have also been
considered as affecting participation in sport (Berger et al., 2008;
Downward and Rasciute, 2010; Ruseski et al., 2011). Recently,
Wicker et al. (2013) analyzed the relationship between detailed
characteristics of sports infrastructures as well as the individual
determinants and sporting through multi-level analyses. They con-
sidered the size of sports areas, the number of swimming pools, the
number of track and field arenas and the detailed characteristics of
sports infrastructures. O’Reilly et al. (2015) discussed the charac-
teristics of the infrastructure in more detail complementing the
work by Wicker et al. (2013) with added variables, such as the year
it was built or renovated, the types of food services available as
well as the facility size and the number of pools and rinks.

In addition, many studies aimed to identify whether the partic-
ipation in sports influences on the reduction of obesity. Hojgaard
et al. (2008) analyzed the relationship between individual vari-
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ables, including participation in sport activities and waist circum-
ference. Since then, some researchers recognized the spatial
dependence in variables representing the extent of obesity and
adopted spatial regression for its study. Chen and Wen (2010) con-
firmed the relationship between individual variables including
physical inactivity and BMI through in this way, and Slack et al.
(2014) analyzed such relationships in terms of recreational, eco-
nomic and health context. Many studies like these has been carried
out to identify such relationship. In our study, we analyzed whether
public sports facilities are positively associated with the reduction
of obesity in the public policy context. Intrinsic influence of public
sports facilities was analyzed after controlling for some individual
determinants and considering spatial dependence of regional obe-
sity.

Materials and Methods

Survey data

We used the survey data obtained from the KNHANES V-3
2012 provided by the Korea Centers for Disease Control and
Prevention (Korea CDC). For the survey, the Korea CDC extracted
192 primary sampling units named enumeration districts from
3,479 administrative districts across the country. These data were
collected based on the resident registration population in 2009 and
a survey of apartment prices in 2008. Next, Korea CDC sampled
3,840 secondary sampling units, i.e. households, from the sampled
enumeration districts and conducted a survey of all household
members. Although the final sampling unit was the household, per-
sonal addresses are not available to the public. Therefore, in this
study, data analysis was conducted at the enumeration district
level. We used only the KNHANES V-3 data because the Korea
CDC extracts enumeration districts differently every year. Among
the data provided by the Korea CDC, we eliminated research sub-
jects under the age of 19 in order to restrict our subjects of interest
to adults. The final sample for this study was 5,436 adults consist-
ing of 2,248 males (41.35%) and 3,188 females (58.65%).

Variables

All information used was self-reported by the KNHANES V-3
respondents. We used BMI, calculated as the weight in kilograms
divided by the square of the height in meters, as the dependent
variable. Independent variables included in the models are public
sports facility variables from the Korean Statistical Information
Service (KOSIS). Public sports facility variables were represented
by the number of public sports facilities (as this supplies informa-
tion about the absolute effect of public sports facilities) and the
number of public sports facilities per 10,000 people (which pro-
vides information about the relative effect considering the popula-
tion). As sociodemographic characteristic variables we used years
of education, the average monthly household income and number
of members in the household as these factors are usually consid-
ered as explanatory variables for BMI (Wen et al., 2010). As con-
trol variables, we set 1) self-rated health status variables; ii) physi-
cal activity. For health related variables, we used average hours of
sleep, waist circumference, drinking frequency and smoking sta-
tus. These values were generated from answers to the KNHANES
V-3 questions about health status. Drinking frequency and smok-
ing status were used as categorical variables. The activity variables
were based on the intensity, duration and frequency of physical
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activity and were represented by vigorous physical activity days,
walking days, muscle-strengthening activity days and flexibility
activity days.

We analyzed the spatial association of public sports facilities
with BMI at the enumeration district level by re-arranging data
from the individual level to the enumeration district level. For each
enumeration district unit, 28.5 participants were included on aver-
age. The number of survey participants at enumeration district
level is displayed in Figure 1. The summary statistics of the con-
tinuous and categorical variables at the individual level (n=5,436
adults) and the enumeration district level (n=191 units) are shown
in Tables 1-4.

Statistical analysis

We conducted a three-step statistical analysis process starting
with calculation of the Global Moran’s / statistic followed by a
LISA analysis and a comparison analysis of spatial regression
models. In our analysis, the global Moran’s / statistic was essential.
If significant, spatial dependence in the dependent variable would
be implied signalling that we could proceed to the spatial regres-
sion models. After that the LISA analysis was conducted for
exploratory spatial data analysis, we determined the best model to
account for the relationship between BMI and the independent
variables, i.e. the OLS model, the SLM model, the spatial Durbin
model (SDM), the SEM model, the spatial Durbin error model
(SDEM) and the general spatial model (GSM) (Anselin, 2013).

The global Moran’s / statistic is used as a measure of the over-
all spatial autocorrelation by testing the null hypothesis that no
spatial correlation exists in the distribution of the dependent vari-
able. If the hypothesis is rejected, this statistic supports either clus-
tering (homogeneity) or dispersion (heterogeneity). A global
Moran’s [ statistic near +1 indicates heterogeneity, while that near
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Figure 1. The number of survey participants at the enumeration
district level in Korea.
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-1 indicates homogeneity (Anselin and Bera, 1998). In this analy-
sis, we constructed a row-standardized spatial weights matrix
based on radial distance (threshold distance=80km). We selected
the radial distance with the most significant global Moran’s /
statistic (i.e., that with the lowest P-value) by increasing the radial
distance at 5-km intervals.

After conducting the global Moran’s / test examining the over-
all spatial autocorrelation, the LISA analysis was used to investi-
gate local spatial autocorrelation (Anselin, 2004). The LISA anal-
ysis intrinsically measures the statistical correlation for the value
of one area with values of nearby areas. A LISA value close to zero
implies little or no statistical correlation among the neighbour-
hoods, while a value near +1 indicates a perfect positive spatial
autocorrelation (clustered together by high or low values). A LISA
value near —1, on the other hand, means a perfect negative spatial
autocorrelation (checkerboard pattern) (Moran, 1950). For each
enumeration district, the relationship between BMI and mean BMI
of a given neighbourhood was calculated. Using the relationship
with each neighbourhood, this relation falls into four categories: 1)
high-high (HH) clusters categorized by high BMI values associat-
ed with high BMI neighbours; ii) low-low (LL) clusters indicating
low BMI values associated with low BMI neighbours; iii) high-
low (HL) outliers implying high BMI values with low BMI neigh-

CPress

Table 1. Summary statistics of the continuous variables at individ-
ual level (n=5,436).

BMI 2375 342 1440 5350
Age 5119 1671 19.00  89.00
Years of education 11.33 381 6.00  16.00
Number of members per household 3.07 125 100 8.00
The average monthly household income  399.25  750.31  0.00 16,867.00
(ten thousand won)

Average sleeping hours per day 6.78 143 1.00 18.00
Vigorous physical activity days per week (.78 1.54 0 7.00
Walking days per week 3.81 2.60 0 7.00
Muscle-strengthening activity days per week(.77 147 0 5.00
Flexibility activity days per week 1.1 1.91 0 5.00
Waist circumference (cm) 81.16 9.80  49.30  136.40

BMI, Body mass index.

Table 2. Summary statistics of the categorical variables at the
individual level (n=5,436).

Smoking status

Smoked less than 100 cigarettes during lifetime 141 2.59
Smoked more than 100 cigarettes during lifetime 1,982 36.46
Non-smoking 3,313 60.95
Annual drinking frequency
None 1,656 30.46
Less than once per month 1,053 19.37
Once per month 549 10.10
2-4 times per month 1,119 20.58
2-3 times per week 702 12.91
More than 4 times per week 397 6.57
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Table 3. Summary statistics of the continuous variables at the enumeration district level (n=191).

BMI 23.76 0.84 21.08 26.65
Age 51.33 7.13 38.04 70.00
Years of education 11.23 2.00 6.38 15.31
Number of members in household 3.02 0.54 1.76 4.22
The average monthly household income (ten thousand won) 383.59 239.07 65.50 1,977.08
Average sleeping hours per day 6.78 0.31 5.96 7.61
Vigorous physical activity days per week 0.77 0.34 0.00 1.74
Walking days per week 3.81 0.68 2.00 5.50
Muscle-strengthening activity days per week 0.76 0.34 0.00 1.88
Flexibility activity days per week 1.69 0.48 0.27 3.04
Waist circumference (cm) 81.19 2.89 72.70 89.41
Number of public sports facilities 94.27 70.65 2.00 320.00
Number of public sports facilities per 10,000 people 3.82 3.87 0.07 22.75

BMI, Body mass index.

bours; and iv) LH outliers, which exhibit low BMI values with
high BMI neighbours. To test LISA significance, we used a Monte
Carlo permutation approach. This method assumes that the spatial
data are likely to be similarly observed for any location. The spa-
tial data values are randomly shuffled across all places, and the
LISA value is recalculated for each Monte Carlo permutation. The
significance of the LISA analysis was determined by conducting a
reference distribution over 999 random permutations. The final
step included a comparison of the six regression models mentioned
above and expressed as follows:

OLS:y=Xp+ ¢
SLM: y = pWy + XB + ge~N (0, 6°I)

SDM: y = pWy + XB + WXO + &,e~N (0, 6°I)
SEM: y = XB + u,u = AWu + &e~N (0, o2])
SDEM: y = XB + WXO0 + uu= IWu + ge~N (0, 62I)
GSM: y = pWy + XB + uu = AWu + g,e~N (0, 6°)

where y is an nx1 vector of dependent variable (BMI in our analy-
sis) and X and g have conformable dimensions for k& exogenous
covariates including a constant. ¢ is a vector of error terms; p a
coefficient on the spatial lag of the dependent variable; /¥ a nxn
spatial weight matrix; 6 the regression parameter reflecting the
influence of the spatially lagged explanatory variables on variation
in the dependent variable y; and 1 a coefficient on the spatial lag of
the error term.

In order to reflect the spatial autocorrelation, various spatial
regression models were used in this study (Han and Sohn, 2017).
The spatial dependence was incorporated using a spatially lagged
dependent variable (/) in the SLM; using spatially lagged depen-
dent variable (#)) and independent variable (WX) in the SDM;
using a spatial lag of error term (Wu) in SEM; and using spatial
lags of error term (Wu) and independent variable (WX) in the
SDEM (Anselin, 2013). The GSM is a combination of the SLM
and the SEM (Anselin, 2013). In order to choose the best model,
we utilized the Akaike information criterion (AIC) (Akaike, 1974;
1998) and the log-likelihood (Huelsenbeck and Crandall, 1997) of
the regressions OLS, SLM, SDM, SEM, SDEM and GSM.

We used two open source softwares: GeoDa (https:/spatial.
uchicago.edu/software) and R (https://www.r-project.org/). GeoDa
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Table 4. Summary statistics of the categorical variables at the enu-
meration district level (n=191).

Smoking status

Smoked less than 100 cigarettes during lifetime 0 0

Smoked more than 100 cigarettes during lifetime 18 9.42
Non-smoking 173 90.58

Annual drinking frequency

None 104 54.45
Less than once per month 26 13.61
Once per month 7 3.66
2-4 times per month 45 23.56
2-3 times per week 8 419
More than 4 times per week 1 0.52

was used to figure out the spatial distribution of variables and to
create LISA significance and cluster maps. R was utilized to con-
duct the Moran’s / test, the LISA analysis and the spatial regression
analysis.

Results

Moran’s [ statistic values for the dependent variable and resid-
ual were 0.022 (P-value: 0.083) and 0.098 (P-value<0.000),
respectively telling us that there existed a positive spatial autocor-
relation in BMI and residual.

Performing the LISA analysis, we found that 41 enumeration
district units (21.47%) were spatially autocorrelated at a signifi-
cance level of 0.05. In addition, 16 HH clusters (8.38%), 7 HL out-
liers (3.66%), 2 LL clusters (1.05%), 16 LH outliers (8.38%) and
150 non-significant areas (78.53%) were identified. The HH clus-
ters, which indicate clustering of similarly high BMI values, were
usually located in Midwest Korea. The BMI values at the enumer-
ation district level, the LISA significance map for BMI and the
LISA cluster map for BMI are displayed in Figures 2-4. When we
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Table 5 shows the comparison of the six regression models and

compared the performance of the six models (OLS, SLM, SDM,
SEM, SDEM and GSM), the SEM model was selected as the best Table 6 shows the results of OLS and SEM.

In the OLS model, the number of Members in household was

model. This result indicated that a regression analysis of BMI in
found to be statistically significant at the 10% level; however, this

Korea should consider the spatial dependence in the error term.
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variable was not significant in the SEM model. For the variables
Flexibility activity days, Waist circumference and Smoking status,
non-smoking contrasted with the reference level; for Drinking fre-
quency, more than 4 times per week contrasted with the reference
level; Age, Years of education and Muscle-strengthening activity
days were statistically significant at the 10% level in the OLS
model as well as in the SEM model. The increases in Flexibility
activity days and Waist circumference, Non-smoking and Drinking
more than 4 times per week tended to be associated with an
increase in BMI, while the increases in Age, Years of education
and Muscle-strengthening activity days tended to be related to a
decrease in BMI.

~"

Discussion

Obesity remains a global public health concern. Both central
and local governments focus on obesity prevention by enforcing
their own regional public health care plans. The management of

Table 5. Comparison of the six models.

public sports facilities is one of the local council plans in Korea.
For councils, it is important to identify the effects of the number of
public sports facilities on regional obesity. In this study, we inves-
tigated the spatial characteristic of BMI and the spatial effects of
the number of public sports facilities on the average BMI in
Korean regions.

First, we identified that Korea exhibits spatial dependence in
BMI using the global Moran’s [ statistic. In addition, the residual
of OLS model for the BMI showed significant positive spatial
autocorrelation. Next, the spatial clusters and spatial outliers were
then determined using a LISA analysis. This showed that Midwest
Korea had high BMI in general, while the Seoul metropolitan area
included several HH clusters and LH outliers.

Finally, we conducted various spatial regression models, and
identified that the number of public sports facilities is not signifi-
cantly related to BMI. This result could be caused by the low uti-
lization ratio of public sports facilities and the unbalanced spatial
distribution in number and the kinds of public sports facilities
available. Therefore, councils try to i) increase the quality of public

AIC 321.690 323.510 319.330 308.230 317.110 308.790
Log likelihood —140.843 —140.757 —120.666 —133.116 —119.554 —132.397
Rho - —0.083 —0.187 - - —0.323
P-value 0.678 0.564 0.302
Lambda - - - 0.642 —0.783 0.668
P-value <0.000 0.110 <0.000
OLS, Ordinary least square; SLM, spatial lag model; SDM, spatial Durbin model; SEM, spatial error model; SDEM, spatial Durbin error model; GSM, general spatial model.

Table 6. Results of ordinary least squares and spatial error model.

Intercept 23.558 <0.000 23.508 <0.000
Age —0.253 0.001 —0.253 0.000
Years of education —0.262 0.001 —0.263 0.000
Number of members in household 0.095 0.087 0.077 0.122
The average monthly household income 0.018 0.711 0.015 0.721
Average hours of sleep —0.045 0.295 —0.026 0.498
Vigorous physical activity days —0.044 0.348 —0.043 0.299
Walking days 0.023 0.624 —0.010 0.818
Muscle-strengthening activity days —0.110 0.044 —0.096 0.048
Flexibility activity days 0.110 0.066 0.132 0.013
Waist circumference 0.666 <0.000 0.704 <0.000
Number of public sports facilities 0.039 0.367 0.032 0411
Number of public sports facilities per 10,000 people —0.024 0.605 0.000 0.995
Smoking status:* Non-smoking 0.245 0.091 0.308 0.018
Annual drinking frequency:* Less than once per month —0.061 0.616 —0.037 0.734
Annual drinking frequency: Once per month —0.163 0.449 —0.154 0.423
Annual drinking frequency: 2-4 times per month —0.047 0.663 —0.051 0.598
Annual drinking frequency: 2-3 times per week —0.003 0.987 0.109 0.557
Annual drinking frequency: More than 4 times per week 0.956 0.087 1.230 0.013
*Reference level: Smoking status (Smoked more than 100 cigarettes during lifetime), Annual drinking frequency (None). OLS, Ordinary least square; SEM, spatial error model.

OPEN 8 ACCESS [Geospatial Health 2018; 13:542] [page 53]



sports facilities; ii) investigate the preferred types of public sports
facilities and push for their establishment; and iii) incorporate the
accessibility and needs of local residents in the selection and opti-
mal location of new public sport facilities.

We set the unit of analysis as enumeration district and not as
participant residence in this study because personal information
was protected. Although our results are significant, data consider-
ing participant’s residences would provide more accurate and
meaningful results. Further studies analyzing more detailed and
abundant data may provide results that are more accurate.

Conclusions

The decreases in age, years of education, and muscle-strength-
ening activity days, the increases in waist circumference and flex-
ibility activity days, non-smoking status, and drinking more than 4
times per week were found to be significantly associated with the
increase in BMI according to the SEM model. Based on these
results, we can suggest doing muscle-strengthening activity more
than doing flexibility activity to achieve a healthy BMI. In addi-
tion, shorter waistlines and reduced drinking would be recom-
mended to people in general as a change in this direction would
lead to a healthier lifestyle. Young age, low education level and
non-smoking status need to be further investigated in terms of the
relation with BMI.
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